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1 INTRODUCTION

Popularity calibration has been proposed as a user-centered way to study popularity bias in
recommender systems [2, 5]. Instead of only measuring whether a system over-recommends
popular items overall, calibration compares the popularity distribution of a user’s past interactions
with that of the recommendation list. This distinction is important because the same list can be
calibrated for one user and miscalibrated for another: a list dominated by popular tracks may match
the history of a mainstream-oriented listener, while it may be miscalibrated for a listener whose
history contains more niche or long-tail music [2, 15, 20].

This framing makes popularity calibration attractive as a personalization and bias-mitigation
concept, but it also introduces an important assumption: the user’s observed listening history is
treated as a meaningful target distribution for future recommendations. In practice, this target
distribution depends on several design choices, including how item popularity is computed, how
popularity bins are defined, and which parts of the user’s history are available for calibration [2, 15,
20]. These choices are not merely technical, because they affect what it means for a recommendation
list to be considered calibrated and what kind of user preference the metric is assumed to represent.

A further challenge is item familiarity. Prior work on perceived popularity bias in music recom-
mendation suggests that users may not always recognize computational differences in popularity
distributions, and that perceived popularity can be shaped by artist- or track-level familiarity [11].
This matters for user studies on calibration: if users evaluate unfamiliar tracks, their judgments may
reflect lack of recognition rather than the popularity distribution of the list. In the present study,
we therefore reduce the role of unfamiliarity by constructing recommendation lists from tracks
users have recently consumed. This allows us to study perceived differences between popularity
distributions under conditions where users are more likely to recognize the presented items.

Popularity calibration also implicitly treats a user’s listening history as evidence of a popularity-
related preference [2, 5]. However, in music recommendation, the relevant history is not obvious.
A user’s complete listening history may span many years, while recent listening may better reflect
current taste. Moreover, not all tracks in a user’s history may be available in the catalog used for
computing popularity, and popularity estimates may differ depending on the dataset and time
period considered [15, 20]. This raises the question of how robust popularity calibration is when
the target distribution is estimated from incomplete or differently sized portions of user history.

Taken together, these issues underline the importance of studying popularity calibration not only
as an offline metric, but also as a user-facing construct. Prior work has already started to compare
computational and perceived popularity bias or miscalibration in music recommendation [11, 19].
We build on this line of work by examining the effects of item familiarity and incomplete user
history. If calibration is intended to represent a user-centered notion of recommendation quality,
then users should perceive meaningful differences between differently calibrated lists. Furthermore,
calibrated lists should provide measurable value to users, and the underlying metric should remain
robust in the face of realistic limitations in user-history data.

In this work, we conduct a user study in which participants evaluate music track lists with
different popularity compositions. Rather than relying on standard recommender algorithms, we
use a controlled naive recommender that constructs lists from tracks in users’ recent listening
histories. This design allows us to compare lists dominated by high-popularity tracks, lists dominated
by low-popularity tracks, and popularity-calibrated lists while reducing the confounding effect
of unfamiliar items. We then relate participants’ track-level and list-level judgments to offline
popularity-calibration measurements, including Jensen-Shannon divergence (JSD) between the
popularity distribution of the list and the user’s estimated historical popularity profile. More
precisely, we address the following research questions:
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e RQ1: Do users perceive differences in popularity levels between recommendation lists
generated with different calibration targets?

e RQ2: Do users prefer popularity-calibrated recommendation lists over lists dominated by
high- or low-popularity items?

¢ RQ3: How robust is the common offline popularity-calibration measurement framework
under different levels of item familiarity, list composition, and available user-history?

e RQ4: How do computationally assigned popularity labels align with users’ own popularity
judgments?

By addressing these questions, this paper contributes to a more critical understanding of popular-
ity calibration as both an offline measurement framework and a user-facing construct. We examine
whether users perceive the intended differences between differently calibrated lists, whether cali-
brated lists are actually preferred, how sensitive calibration estimates are to incomplete user-history
information, and whether computational popularity labels align with users’ own judgments of item
popularity.

2 RELATED WORK
2.1 Foundations and extensions of popularity calibration

Abdollahpouri et al. [2] introduced popularity calibration as a user-centered debiasing method
designed to align the distribution of head, mid, and tail items in personalized recommendation
lists. In contrast to global popularity-bias measures, popularity calibration evaluates whether the
popularity distribution of a recommendation list matches the popularity distribution of a user’s
past interactions. This makes calibration a user-centered metric: a list dominated by popular items
may be calibrated for one user, but miscalibrated for another.

Subsequent research has applied and extended this framework across different domains and
evaluation settings. In the movie streaming sector, Klimashevskaia et al. [14] found that popularity
calibration can positively affect consumer fairness, although its effectiveness for provider fairness
is more limited. Within the music, movie, and anime domains, Kowald et al. [15] demonstrated that
calibration and miscalibration can be used as metrics to measure popularity bias in recommender
systems. Related work has also used calibration-based metrics to examine whether popularity
bias affects users of different genders differently in music recommendation [20]. More recently,
Forster et al. [12] combined popularity calibration with context-aware mechanisms to improve
consumer-side fairness in point-of-interest recommendation.

Although popularity calibration is often evaluated through offline metrics, recent work has started
to examine calibration and related bias-mitigation approaches in user-facing settings [3, 13, 28].
This line of work is important because calibration can change the composition of recommendation
lists in ways that are measurable computationally, but not necessarily noticed, understood, or
valued by users. For example, Alves et al. [3] found that users do not necessarily perceive calibrated
recommendations as fairer unless the system explicitly explains the purpose of calibration. These
findings suggest that the computational value of calibration and its perceived value for users should
be treated as related but distinct questions.

A second open issue concerns the robustness of the calibration estimate itself. Popularity calibra-
tion depends not only on the recommendation list, but also on how item popularity is computed,
how popularity categories are defined, and how the user’s historical profile is represented. This is
particularly important when calibration is interpreted as a user-centered metric, because missing,
unmatched, or temporally uneven interaction histories may change the target distribution against
which recommendations are evaluated.
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2.2 Perceived vs. computational bias in recommendation

A growing body of work has examined whether computational measures of popularity bias, fairness,
or miscalibration correspond to users’ perceptions. This distinction is particularly relevant for
music recommender systems, where users may judge recommendations not only by their computed
popularity distribution, but also through artist recognition, track familiarity, and perceived fit with
their music taste.

Ferwerda et al. [11] explored how users perceive popularity and fairness in music recommen-
dations. Their findings suggest that users often do not recognize differences between presented
popularity distributions, and that perceived popularity is more strongly associated with artists than
with individual songs. This indicates that differences in computational popularity bias may not
always be readily apparent to users.

Closely related to the present work, Lesota et al. [19] compared computational and perceived
popularity miscalibration in music recommendation. They showed that JSD, a computational metric
for popularity miscalibration, can correlate with user perception of recommendation lists. However,
item familiarity remained an important limitation: when users are unfamiliar with recommended
items, their ability to judge popularity or miscalibration is constrained. These studies motivate a
more detailed examination of the conditions under which computational and perceived popularity
calibration align.

This creates a methodological tension for user studies. Unfamiliar recommendations may be
closer to discovery-oriented recommendation scenarios, but they make it difficult to ask users to
judge popularity, liking, or fit. Familiar items, in contrast, provide a cleaner setting for studying
whether users can perceive differences in popularity composition, but may also increase the role of
recognition and prior liking. The present work explicitly focuses on this tension by constructing
lists from recently consumed tracks.

2.3 User evaluation and awareness in music recommender systems

Music recommendation is a central domain for studying popularity bias and calibration because
recommendation lists can affect both listener experience and exposure for artists or tracks [16, 19, 20].
Prior work has used calibration-based metrics to analyze popularity bias in music recommender
systems [15, 20]. At the same time, music recommendation makes user-centered evaluation difficult:
users may respond strongly to whether they recognize a track, whether they like the artist, or
whether the list fits their taste [11]. Therefore, a list that is computationally calibrated is not
necessarily experienced as better by the user.

Complementary insights are provided by Dinnissen et al. [7], who conducted a mixed-methods
user study combining qualitative and quantitative methods, including think-aloud protocols, inter-
views, observed user behavior, and questionnaires. Their work highlights that users may reflect
on popularity, diversity, and fairness in music recommendation, but that such reflection does
not necessarily translate directly into different selection behavior. Dokoupil et al. [8, 9] further
examined user perceptions of diversity and system objectives, emphasizing the nuanced ways users
interpret and respond to system-driven fairness and diversity cues.

Our work builds on these foundations by studying popularity calibration under two conditions
that are central to music recommendation but remain methodologically challenging: item familiarity
and incomplete user history. Specifically, we examine whether users perceive differences between
lists with different popularity compositions, whether calibrated lists are preferred over high- or
low-popularity lists, whether offline calibration estimates remain robust under different familiarity
and history-availability conditions, and whether computational popularity labels align with users’
own judgments of item popularity.
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3 METHODS AND MATERIALS

We address the research questions by conducting a user study in which participants evaluated music
track lists with respect to familiarity, liking, perceived popularity, and perceived fit with their taste.
We then compare these user judgments with offline measurements of popularity calibration. The
study setup is designed to control two issues that complicate user studies on popularity calibration:
variation in item familiarity and incomplete availability of user-history information. In this section,
we describe how popularity calibration is measured, how item popularity labels are assigned, how
the track lists are generated, which questions were posed, and how the resulting data are analyzed.

3.1 Popularity calibration measurement

A recommender is considered popularity-calibrated when, for a given user, the popularity distri-
bution of the recommendation list matches the popularity distribution of the user’s consumption
history. The degree of popularity calibration is commonly evaluated at the user level as the diver-
gence between two discrete probability distributions and then aggregated across users.

Following previous work, we distinguish between three item popularity categories, ¢ € C, where

C = {HighPop, MidPop, LowPop}.

We denote by H,, the three-bin popularity distribution of the consumption history of user u, and by
R, the corresponding three-bin popularity distribution of the recommendation list shown to user u.
We quantify popularity miscalibration using Jensen-Shannon Divergence (JSD), shown in Eq. 1,
where H,,(c) is the proportion of items from category c in the user’s history distribution, and R, (c)
is the corresponding proportion in the recommendation list. Lower JSD values indicate stronger
popularity calibration, whereas higher values indicate stronger popularity miscalibration. As usual,
terms with zero probability are treated as contributing zero to the sum.

(c) + Ru(c)

1 2R, (c)
2 ZR“(C) 8 T+ R0

JSD(H,,R,) = % > Hu(c) - log, ZHu(c)
” ' )

3.2 Dataset and popularity labeling

We conduct our study in the domain of music recommendation and use the LFM-2B dataset [26] to
assign popularity labels to music tracks. The dataset contains user listening events, or scrobbles,
from Last.fm, spanning from February 2005 to March 2020. We process the data in several steps to
obtain a collection of tracks with reliable popularity estimates.

First, we match tracks to Spotify URIs using relaxed artist and track-name matching. This step
helps filter out listening events involving non-music content, such as podcasts and audiobooks,
which may sometimes be tracked on Last.fm. Since relaxed matching can map remixes or less
popular versions of a track to the source track, we apply a stricter filtering step later. Second, we
assign raw popularity values to tracks based on the number of unique users who interacted with
each track. Third, following previous work [2, 17], we assign popularity labels by ranking tracks
according to their popularity. The most popular tracks, which together account for 20% of the
cumulative user-track popularity mass, are labeled HighPop. Analogously, the least popular tracks
that jointly account for 20% of the total popularity mass are labeled LowPop, and the remaining
tracks are labeled MidPop.

Finally, for the study itself, we only consider tracks whose artist name and title exactly match
the metadata associated with the matched Spotify URI. This allows us to be more confident about
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the popularity labels of the tracks shown to participants, while still allowing the broader dataset
to contribute to the overall popularity distribution. After this filtering procedure, the collection
contains approximately 3.4M unique tracks.

3.3 Naive recommender

Previous work repeatedly relies on established recommender algorithms to provide participants
with recommendation lists for evaluation [11]; for example, Lesota et al. [19] generated person-
alized recommendations for each participant using several recommender algorithms to analyze
the relation between user-perceived and computational popularity miscalibration. While this ap-
proach is representative of realistic recommendation scenarios, it can introduce limitations to user
studies. In particular, two challenges are relevant to the present work: limited variability between
recommendation lists and varying levels of participants’ familiarity with recommended items.

Traditional recommender algorithms often produce lists biased toward more popular items [18,
20]. While the degree of bias varies between algorithms, some list types, such as lists dominated by
niche items, may remain underrepresented. This can limit the range of popularity compositions
available for user evaluation. A second challenge is that participants may be unfamiliar with
recommended items because these items are drawn from the full catalog rather than from previously
experienced tracks. This makes it difficult for participants to judge whether a track is popular,
whether they like it, or whether it fits their taste. In some study designs, this issue is addressed by
allowing participants to consume or preview the items, for example, by listening to audio snippets.
However, this is not always desirable if the study focuses on participants’ existing recognition
and recollection of items, or if the researchers want to avoid introducing additional content-based
effects or causing excessive participant fatigue.

In this study, we therefore use a controlled naive recommender. We use the term naive recom-
mender to refer to a controlled list generator rather than a competitive recommendation algorithm.
The goal is not to maximize recommendation accuracy, but to construct personalized lists with
predefined popularity compositions while keeping item familiarity high. The naive recommender
composes lists from tracks in the participant’s recent listening history according to a predefined
popularity distribution.

We consider three list types:

e LowPop-Heavy— a list of 10 random items from the participant’s recent listening history
containing as many LowPop items as possible. If the participant consumed fewer than 10
LowPop items, the remaining positions are filled with MidPop items. This list type represents
the most niche part of the participant’s recent listening history from the perspective of
computationally assigned popularity labels.

e HighPop-Heavy— a list of 10 random items from the participant’s recent listening history
containing as many HighPop items as possible. If the participant consumed fewer than 10
HighPop items, the remaining positions are filled with MidPop items. This list type represents
the most mainstream part of the participant’s recent listening history from the perspective
of computationally assigned popularity labels.

e Calibrated— alist of 10 items representing the popularity distribution of the participant’s
recent listening history. First, the popularity distribution of the participant’s recent history
is computed based on computationally assigned popularity labels. Then, this distribution is
approximated as a discrete 10-item list. The required number of items from each popularity
category is sampled from the participant’s recent listening history.
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Table 1. List-level evaluation questions. Responses were given on a five-point Likert scale.

Code Question

Know;  “The list contains tracks I know”

Like; “I like this list of tracks”

Pop.; “The list contains a lot of popular items”
Taste; “The list represents my music taste well”

Unpop.; “The list contains a lot of unpopular items”

Table 2. Track-level evaluation questions and response options.

Code Statement Response options

Know;, “Iknow this track” “no” / “yes”

Like;,,  “Ilike this track” “dislike” / “neutral” / “like”

Pop.;,  “Among the music I listen to, this track is “less popular” / “average” / “more
closer to” popular”

3.4 Capturing participants’ perception

Each participant was presented with six personalized lists of music tracks: two HighPop-Heavy
lists, two LowPop-Heavy lists, and two Calibrated lists. The order of the six lists was randomized
for each participant. Participants evaluated each list both at the list level and at the track level. The
list-level questions are shown in Table 1, and the track-level questions are shown in Table 2.

At the track level, participants first indicated whether they knew each track. The liking and
perceived-popularity questions were only shown for tracks that participants indicated as familiar.
This design avoids asking participants to judge the popularity or appeal of tracks they did not
recognize. For the analysis, track-level responses were aggregated into counts per list. In particular,
Know;, denotes the number of known tracks in a list, Like;, denotes the number of familiar tracks
marked as liked, H.Pop.;» denotes the number of familiar tracks judged as closer to more popular
on the spectrum of popularity of the participant’s music taste, and L.Pop., denotes the number of
familiar tracks judged as closer to less popular among the participant’s usually listened music.

3.5 Participants

We recruited participants through Prolific!. Eligible participants were identified through a pre-
screening study as active Last.fm users. In total, 80 participants were recruited for the main study.
At the time of participation, participants had to satisfy the following inclusion criteria:

e being an active user of at least one music streaming platform (self-reported);

e residing in the United States;

e having recorded at least 60 listening events on Last.fm during the previous 30 days;

e during the previous seven weeks, having listened to at least 60 distinct tracks that could be
matched to the dataset used for popularity labeling.

For each participant, we retrieved up to 4000 of their most recent Last.fm listening events through
the Last.fm API?, restricted to events no older than seven weeks before the start of the study. Because

thttps://www.prolific.com/
https://www.last.fm/api
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the study remained open for one week, this ensured that every track shown to a participant had
been listened to by that participant at least once, no more than eight weeks before participation.

Participants had an estimated completion time of 15 minutes. The observed median completion
time was 14.2 minutes. Following our exclusion criterion, we removed participants who completed
the study in less than 10 minutes. This resulted in a final sample of 60 participants with an average
age of 31.4 (std = 9.5) and the gender distribution over Diverse/Female/Male as 5/27/28. The
HighPop-Heavy lists created for the participants contain on average 9 HighPop items with median
of 10. Out of 60 participants 11 had fewer than 10 HighPop items in their listening histories, of which
2 consumed no HighPop items at all (therefore the two received MidPop items in their HighPop-
Heavy lists). All LowPop-Heavy lists created for the participants had all 10 items from the LowPop
category.

3.6 Ethical considerations

The study did not undergo formal review by an institutional ethics board, as no applicable insti-
tutional ethics-review procedure was available for this type of study. We nevertheless followed
standard ethical research practices and Prolific’s requirements for participant recruitment, study
description, informed participation, compensation, and withdrawal. Participants were informed
about the purpose of the study, the type of data used, the expected duration of the task, and
their right to discontinue participation without adverse effects. Participation was voluntary, and
participants were compensated through Prolific.

Because the study relies on participants’ recent Last.fm listening histories, we treated listening
data as potentially identifying behavioral data. The data were used only to construct personalized
study lists, assign popularity labels, and conduct the analyses reported in this paper. Participant
records were pseudonymized for analysis, and results are reported only in aggregate. We do not
disclose individual participants’ listening histories, Last.fm profiles, or item-level responses in a
form that would allow participants to be identified.

3.7 Analysis workflow

For each list, we compute i) track-level and ii) list-level perceptual indicators. Track-level indicators
are aggregated as counts out of 10, including the number of tracks known by the participant, liked
by the participant, judged as highly popular, and judged as less popular. List-level indicators are
taken directly from the five-point Likert-scale questions.

Table 3 reports mean values by list type: HighPop-Heavy (High), Calibrated (Cali), LowPop-
Heavy (Low). The descriptive values are averaged over lists of each type.

We use Friedman tests to test for overall differences between the three list types and Wilcoxon
signed-rank tests for pairwise comparisons. We apply a Bonferroni-corrected significance threshold
of @ = 0.05/36 across the tests reported in Table 3.

To analyze the relation between computational popularity miscalibration and participants’
perception, we compute repeated-measures correlations between JSD and list-level perceptions
of popularity and unpopularity. We conduct these analyses under different thresholds for item
familiarity and available user history. Specifically, we compare settings in which participants are
familiar with at least five or at least eight tracks in each list, and settings in which the user’s
popularity profile is estimated from different minimum amounts of matched user history.

Finally, to compare computational popularity labels with participant-judged popularity labels, we
compute agreement between the computational category of each track and the participant’s track-
level judgment. We summarize this agreement using Cohen’s x and Kendall’s 7, and additionally
inspect category-level agreement for LowPop, MidPop, and HighPop items.
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Table 3. Comparison of mean opinion scores over perceptual indicators. Values are averaged over lists of each
type; Significant pairwise differences from HighPop-Heavy (High), Calibrated (Cali), and LowPop-Heavy
(Low) lists are marked as ", ¢, and !, respectively (Wilcoxon signed-rank test). Friedman test statistics (y2(2))
for each indicator are reported in the last row, with significant differences marked by * (Bonferroni-corrected
@ = 0.05/36).

List Track count (out of 10) Whole-list evaluation (Likert-5)
Type Like;, H.Pop.., L.Pop.,, Know, | Like; Pop., Unpop., Know; Taste
High 7.96!  4.81° 140 9.12¢ | 451 415 206 487" 383
Cali 7.48 2.89% 2.60" 857" | 4.46 3.32h  2.87M 471  3.87
Low 7.05" 1597 380" 847" | 426 241" 350" 462" 354

Friedman y?(2) || 20.78"  89.75*  55.03°  16.17° | 851 90.60" 71.38"  14.19°  4.98

4 RESULTS

We organize the results according to the four research questions. First, we examine whether partic-
ipants perceived differences between the three list types. Second, we analyze whether popularity-
calibrated lists were preferred over lists dominated by high- or low-popularity tracks. Third, we
investigate how the relation between computational popularity miscalibration and perceived list
popularity changes under different familiarity and user-history conditions. Finally, we compare
computationally assigned popularity labels with participants’ own track-level popularity judgments.

Perceived differences between list types. Table 3 reports mean perceptual indicators for HighPop-
Heavy, Calibrated, and LowPop-Heavy lists. The values are averaged over lists of each type. The
results show that participants perceived clear differences in popularity composition between the
three list types.

At the track level, HighPop-Heavy lists contained the highest number of tracks judged as highly
popular (H.Pop., = 4.81), followed by Calibrated lists (2.89) and LowPop-Heavy lists (1.59). The
reverse pattern appears for tracks judged as less popular: LowPop-Heavy lists received the highest
number of low-popularity judgments (L.Pop.;» = 3.80), followed by Calibrated lists (2.60) and
HighPop-Heavy lists (1.40). These differences are significant across all pairwise comparisons.

The same pattern is visible at the list level. Participants rated HighPop-Heavy lists as containing
the most popular items (Pop.; = 4.15), followed by Calibrated lists (3.32) and LowPop-Heavy
lists (2.41). Conversely, LowPop-Heavy lists were rated as containing the most unpopular items
(Unpop.; = 3.50), followed by Calibrated lists (2.87) and HighPop-Heavy lists (2.06). The signifi-
cant Friedman tests and pairwise Wilcoxon comparisons indicate that the list-generation procedure
successfully produced lists that were perceived as different in their popularity composition.

It is also worth noting that familiarity was high across all conditions. On average, participants
reported knowing more than eight tracks per list in all three conditions. However, HighPop-Heavy
lists were still perceived as slightly more familiar than the other two list types, both at the track
level (Knowy, = 9.12) and at the list level (Know; = 4.87). This suggests that constructing lists from
recent listening histories reduced unfamiliarity substantially, but did not fully eliminate familiarity
differences between popularity conditions.

Preference for calibrated lists. Although participants perceived clear popularity differences be-
tween list types, these differences did not translate into a clear preference for calibrated lists. At the
list level, liking was high for all three list types: HighPop-Heavy (Like; = 4.51), Calibrated (4.46),
and LowPop-Heavy (4.26). The Friedman test for list liking was not significant after correction.
Similarly, perceived taste fit did not differ significantly between the list types, with Calibrated

ACM Trans. Recomm. Syst., Vol. ?, No. ?, Article ?. Publication date: December 2026.



?2:10 Anonymous

Table 4. Repeated measures correlation with popularity miscalibration (JSD). Every participant is familiar
with at least 5 tracks in each list. All three types of lists are included.

History matched # participants # lists H rrm(Pop.))  p ‘ rrm(Unpop.;)  p

60+ 60 345 0.151 0.010 —0.168 0.004
90+ 49 283 0.185 0.004 —0.184 0.005
120+ 41 235 0.186 0.009 —0.192 0.007

Table 5. Repeated measures correlation with popularity miscalibration (JSD). Every participant is familiar
with at least 8 tracks in each list. All three types of lists are included.

History matched # participants # lists H rrm(Pop.p) p ‘ rrm(Unpop.;)  p

60+ 56 253 0.218 0.002 -0.194 0.006
90+ 45 199 0.278 <.001 —-0.189 0.019
120+ 37 162 0.28 0.001 -0.211 0.018

lists showing only a small numerical advantage (Taste; = 3.87) over HighPop-Heavy (3.83) and
LowPop-Heavy (3.54) lists.

At the track level, participants liked more tracks in HighPop-Heavy lists (Like;, = 7.96) than
in LowPop-Heavy lists (7.05), while Calibrated lists fell between them (7.48). This suggests that
popularity-calibrated lists were not clearly preferred over popularity-miscalibrated lists. Instead,
when all lists were constructed from recently consumed and therefore familiar tracks, participants
generally liked the lists regardless of their calibration condition. This result qualifies the user-
centered interpretation of popularity calibration: users can perceive differences in popularity
composition, but this does not necessarily mean that they prefer the calibrated condition.

Relation between JSD and perceived popularity. Tables 4 and 5 report repeated-measures corre-
lations between JSD and list-level perceptions of popularity and unpopularity when all three list
types are included.

When participants were familiar with at least five tracks in each list, the correlations between
JSD and perceived list popularity were positive but weak, ranging from r = .151 with at least 60
matched history items to r = .186 with at least 120 matched history items. The correlations between
JSD and perceived list unpopularity were negative and similarly weak, ranging from r = —.168 to
r=-.192.

When the familiarity threshold was increased to at least eight known tracks per list, the relation
between JSD and perceived popularity became somewhat stronger. Correlations with perceived list
popularity increased from r = .218 to r = .280 across the three history thresholds. Correlations
with perceived list unpopularity remained negative and modest, ranging from r = —.194 to r =
—.211. These results suggest that the relation between computational miscalibration and perceived
popularity becomes clearer when participants are more familiar with the evaluated tracks. However,
when all three list types are considered together, the overall correlations remain modest.

Effect of list composition on JSD correlations. A clearer pattern appears when the analysis is
restricted to HighPop-Heavy and Calibrated lists.

As shown in Tables 6 and 7, correlations between JSD and perceived list popularity are sub-
stantially stronger in this setting. With a familiarity threshold of at least five known tracks per
list, correlations range from r = .526 to r = .550. With a stricter threshold of at least eight known
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Table 6. Repeated measures correlation with popularity miscalibration (JSD). Every participant is familiar
with at least 5 tracks in each list. Only HighPop-Heavy and Calibrated lists are included.

History matched # participants # lists H r'rm (Pop.p) p ‘ rrm(Unpop.;) P

60+ 60 235 0.526 <.001 —0.495 <.001
90+ 49 193 0.540 <.001 —0.493 <.001
120+ 41 161 0.550 <.001 —0.478 <.001

Table 7. Repeated measures correlation with popularity miscalibration (JSD). Every participant is familiar
with at least 8 tracks in each list. Only HighPop-Heavy and Calibrated lists are included.

History matched # participants # lists H r'rm (Pop.p) P ‘ rrm(Unpop.;) P

60+ 52 173 0.511 <.001 —0.469 <.001
90+ 41 135 0.537 <.001 —0.438 <.001
120+ 33 111 0.523 <.001 —0.402 <.001

tracks, correlations remain similarly strong, ranging from r = .511 to r = .537. The corresponding
correlations with perceived list unpopularity are negative and also substantial.

This indicates that JSD aligns more clearly with user perception when the comparison is between
mainstream-heavy and calibrated lists. When LowPop-Heavy lists are included, the relation becomes
weaker. One likely reason is that JSD measures the magnitude of divergence between the list and the
user’s historical popularity profile, but does not by itself encode whether the divergence comes from
a shift toward more popular or less popular items. Thus, JSD can indicate that a list is miscalibrated,
but additional information is needed to interpret the direction of the miscalibration.

Influence of available user history. The history-threshold comparisons show that the relation
between JSD and perceived popularity is sensitive to how much matched user history is available.
In the all-list setting, increasing the minimum amount of matched history from 60 to 90 or 120
tracks generally increases the correlation between JSD and perceived popularity, although the
effect remains modest. This suggests that popularity calibration estimates become somewhat more
aligned with user perception when the user’s target popularity profile is based on more matched
listening history.

However, the pattern is not uniformly stronger across all settings. In the HighPop-Heavy-
Calibrated comparison, correlations are already strong at the 60-track threshold and change only
slightly as the amount of matched history increases. This suggests that the effect of available user
history depends on list composition. Additional matched history may matter most when the analysis
includes multiple forms of miscalibration, whereas the distinction between high-popularity-heavy
and calibrated lists is already captured relatively clearly with less history.

Alignment between computational and participant-judged popularity labels. Finally, we compare
computational popularity labels with participants’ track-level popularity judgments. Agreement
between the two categorizations was weak overall, with a mean Cohen’s k of .21 and a mean
Kendall’s 7 of .36. Agreement was higher for the extreme categories than for the middle category:
62% of participant-assigned low-popularity judgments matched the corresponding computational
label, and 58% of high-popularity judgments matched the computational label. In contrast, only
24% of participant-assigned mid-popularity judgments matched the computational mid-popularity
category.

ACM Trans. Recomm. Syst., Vol. ?, No. ?, Article ?. Publication date: December 2026.



2:12 Anonymous

This weak alignment indicates that computational popularity labels and participant-judged
popularity labels should not be treated as interchangeable. Participants appear to identify rela-
tively popular and relatively unpopular tracks more consistently than mid-popularity tracks, but
their judgments do not fully correspond to the popularity bins used for offline calibration. This
complicates the interpretation of popularity calibration as a user-centered metric, because the
target distribution is based on computational categories that only partially align with users’ own
popularity perceptions.

Summary. Overall, the results show that participants perceive the intended differences between
HighPop-Heavy, Calibrated, and LowPop-Heavy lists. However, calibrated lists are not clearly
preferred over high- or low-popularity-heavy lists. The relation between JSD and perceived pop-
ularity is present but sensitive to item familiarity, list composition, and the amount of matched
user history. Finally, the weak agreement between computational and user-judged popularity
labels raises questions about how directly offline popularity categories can represent users’ own
perceptions of popularity.

5 DISCUSSION

Our results provide a nuanced view of popularity calibration as a user-centered metric in music
recommendation. On the one hand, participants clearly perceived the intended differences between
lists with different popularity compositions. Lists constructed to be high-popularity-heavy were
judged as more popular, while low-popularity-heavy lists were judged as more unpopular. This
suggests that users can perceive differences in popularity composition when the presented tracks
are sufficiently familiar. On the other hand, these perceived differences did not translate into a
clear preference for popularity-calibrated lists. This distinction is important: a calibration metric
may capture a meaningful computational property of a recommendation list, but this does not
automatically mean that users experience calibrated lists as more useful, more enjoyable, or more
representative of their taste.

5.1 Popularity calibration as a user-centered metric

Popularity calibration is often motivated as a user-centered alternative to global popularity-bias
measures [2, 5]. Rather than asking whether a system recommends too many popular items
overall, calibration asks whether the popularity profile of a recommendation list matches the
user’s historical consumption profile. This makes the metric attractive because it recognizes that
popularity preference may differ between users. A mainstream-oriented listener may be expected
to receive more popular tracks, while a listener with a stronger long-tail profile may reasonably
receive more niche tracks.

However, our results show that this user-centered framing should be interpreted carefully.
Participants perceived differences between high-popularity-heavy, low-popularity-heavy, and
calibrated lists, but they did not clearly prefer the calibrated lists. List-level liking was high across
all three conditions, and perceived taste fit did not significantly differ between list types. This
suggests that calibration may describe a certain kind of alignment with past behavior, but not
necessarily the kind of alignment users value most when evaluating music recommendations.

One possible explanation is that our study deliberately controlled item familiarity by constructing
lists from recently consumed tracks. This design makes it easier to study whether users perceive
differences in popularity composition, but it also means that all lists contain relatively familiar
and recently relevant items. Under these conditions, even a popularity-miscalibrated list may still
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be liked because it consists of tracks the user knows and has listened to recently. This interpreta-
tion aligns with prior work suggesting that perceived popularity and user evaluations of music
recommendations can be strongly affected by familiarity and recognition [7, 11].

5.2 What should be the target of calibration?

A central question raised by our findings is what should count as the target distribution for
popularity calibration. In standard offline evaluation, the target is usually derived from the user’s
historical interactions [2, 5]. However, user histories are not neutral representations of preference.
They depend on the time span covered by the dataset, the availability of item metadata, the platform
from which interactions are collected, and the filtering decisions made during preprocessing.

This is particularly important in music recommendation. A user’s complete listening history may
span many years, but recent listening may better represent current taste. Conversely, a short recent
history may be too narrow to capture stable preference patterns. Prior work on music preferences
and mainstreaminess already shows that music consumption can vary across users, countries, and
temporal contexts [4, 21, 22]. The issue becomes even more complex when parts of the listening
history cannot be matched to the item catalog used for popularity estimation. In such cases, the
target popularity profile is not simply “the user’s history,” but the subset of the user’s history that
remains observable after matching, filtering, and popularity labeling.

Our correlation analyses show that the relation between JSD and perceived list popularity changes
with the amount of matched user history. This indicates that popularity calibration estimates are
sensitive to how the user’s historical profile is represented. As a result, calibration should not be
treated as a purely objective property of a recommendation list. It is also a property of the data
representation used to construct the user’s target profile.

This has implications for offline evaluation. If different datasets cover different temporal spans, or
if different users have histories of very different lengths, then the meaning of calibration may vary
across users and domains. A “complete history” may represent years of listening for one user and
weeks of activity for another. Therefore, future work should be more explicit about what portion of
user history is treated as representative of popularity preference, and why.

5.3 What does “popular” mean to users?

Our results also show weak agreement between computational popularity labels and participant-
judged popularity labels. This raises a second construct-validity issue: offline metrics usually
define popularity through aggregate interaction data, whereas users may judge popularity through
different cues. For example, a participant may judge a track as popular because they recognize
the artist, because the song is widely known in their social context, or because it belongs to a
mainstream genre. Conversely, a track may have many interactions in the dataset but still not be
perceived as popular by a specific listener.

This concern is consistent with prior work showing that perceived popularity in music recom-
mendation may be associated more strongly with artists than with individual songs [11]. It also
connects to broader work on music mainstreaminess, where popularity can be defined at different
levels, such as artist playcounts, listener counts, global mainstreaminess, or country-specific main-
streaminess [4]. In our study, computational labels and user judgments aligned only weakly overall,
with stronger agreement for the extreme categories than for the middle category. This suggests that
users may be relatively able to identify very popular or very niche tracks, while mid-popularity
items are harder to classify consistently.

For popularity calibration, this matters because the metric depends on computational popularity
bins. If these bins only partially align with users’ own judgments, then a list that is computationally
calibrated may not be perceived as calibrated by the user. This does not invalidate computational
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calibration, but it clarifies what it measures: alignment with a dataset-derived popularity distribution,
not necessarily alignment with the user’s subjective understanding of popularity.

5.4 Direction of miscalibration

Another implication concerns the direction of miscalibration. JSD measures the divergence be-
tween the user’s historical popularity distribution and the recommendation-list distribution [24].
It captures the magnitude of miscalibration, but not whether the list shifts the user toward more
popular or less popular items. Our results show that JSD correlates more strongly with perceived
popularity when the comparison is between high-popularity-heavy and calibrated lists. When
low-popularity-heavy lists are included, the correlations become weaker.

This suggests that the interpretation of JSD depends on list composition. A high JSD value can
indicate that a list is miscalibrated, but it does not explain how it is miscalibrated. For user-centered
evaluation, this distinction is important. A list that is too mainstream and a list that is too niche
may have similar JSD values, but they may be perceived very differently by users and may have
different implications for personalization, discovery, and fairness.

Future work should therefore consider complementing symmetric divergence-based calibration
metrics with directional indicators. For example, reporting whether a list shifts the user toward
more high-popularity or low-popularity items would make calibration results easier to interpret.
This would also help distinguish between calibration as a personalization objective and calibration
as a fairness or exposure-related objective.

5.5 Calibration, fairness, and user value

Popularity calibration is often connected to fairness because reducing popularity bias may improve
exposure for less popular items or providers [1, 2, 20]. However, our results underline that fairness
value and user-perceived value are not the same. A calibrated list may be desirable from the
perspective of reducing popularity distortion, but users may not necessarily prefer it or perceive it
as a better fit.

This distinction is consistent with recent work showing that users do not always perceive
calibrated or fairness-oriented recommendation interventions in the way system designers intend [3,
13, 28]. It also connects to broader work on fairness in recommender systems, which emphasizes
that fairness is a multi-stakeholder and context-dependent concept [6, 10, 27].

This means that the purpose of calibration should be made explicit. If the goal is personalization,
then calibration should be evaluated in terms of whether it improves perceived taste fit, satisfaction,
or long-term usefulness. If the goal is fairness or exposure diversity, then calibration may be
valuable even when users do not immediately prefer calibrated lists. These are different normative
goals, and the same metric should not be assumed to satisfy all of them equally.

5.6 Limitations

Several limitations should be considered when interpreting our findings. First, our naive recom-
mender was designed to control list composition and item familiarity rather than to compete with
state-of-the-art recommender algorithms. This design is useful for isolating the role of popular-
ity composition, but it does not fully reflect how users encounter new recommendations in real
systems.

Second, because lists were constructed from recently consumed tracks, familiarity was high
across all conditions. This was intentional, but it may also reduce the observable value of calibration.
Users may like all lists because the items are familiar and recently relevant, regardless of whether the
list is calibrated. Future studies could systematically vary familiarity to examine when calibration
becomes more or less valuable.
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Third, our computational popularity labels are derived from the available dataset and preprocess-
ing pipeline. Different datasets, time windows, or popularity definitions could produce different
labels and, therefore, different calibration estimates. This is not only a limitation of the present
study but also an important methodological issue for popularity calibration research more broadly.

Finally, our study focuses on perceived popularity, liking, familiarity, and taste fit. Other outcomes,
such as perceived fairness, discovery value, novelty, long-term satisfaction, or artist-level exposure,
may reveal additional aspects of the value of calibration. Prior work on diversity, nudging, and
user perceptions of recommendation objectives suggests that such outcomes may be important for
understanding the broader user experience of music recommender systems [8, 9, 23, 25].

5.7 Implications

The main implication of our study is that popularity calibration should not be treated as self-
evidently user-centered simply because it uses the user’s historical profile as a reference point.
The metric depends on how that profile is constructed, how popularity is defined, and whether
computational popularity categories correspond to users’ own judgments. Our findings suggest that
users can perceive differences in popularity composition, but that calibrated lists are not necessarily
preferred, and that calibration estimates are sensitive to familiarity, list composition, and available
user history.

For researchers, this means that popularity calibration should be reported with greater attention to
measurement choices: the time span of user history, the amount of matched history, the popularity-
binning strategy, and whether miscalibration is driven by shifts toward more popular or less popular
items. For system designers, the findings suggest that calibration may be useful as one component
of recommendation evaluation, but should be interpreted alongside user-facing measures such as
liking, familiarity, perceived taste fit, and perceived discovery value.

6 CONCLUSION

Popularity calibration is commonly treated as a user-centered way to evaluate and mitigate popu-
larity bias in recommender systems. In this paper, we examined this assumption in the context of
music recommendation, focusing on item familiarity, list composition, and incomplete user-history
information. We conducted a user study in which participants evaluated track lists with differ-
ent popularity compositions, generated from their recent listening histories, and compared their
judgments with offline popularity-calibration estimates.

With respect to RQ1, our results show that participants perceived clear differences between
lists generated with different calibration targets. High-popularity-heavy lists were perceived as
more popular, low-popularity-heavy lists were perceived as more unpopular, and calibrated lists
generally fell between these two conditions. This indicates that users can perceive differences in
popularity composition when the recommended items are sufficiently familiar.

For RQ2, however, these perceptual differences did not translate into a clear preference for
calibrated lists. List liking and perceived taste did not significantly differ between the list types. This
suggests that popularity calibration captures a meaningful property of recommendation lists, but
that this property should not be equated directly with user appreciation or perceived preference.

Regarding RQ3, we found that the relation between JSD-based popularity miscalibration and
perceived list popularity depends on familiarity, list composition, and the amount of available
matched user history. JSD aligned more strongly with perceived popularity when comparing high-
popularity-heavy and calibrated lists, but the relation became weaker when low-popularity-heavy
lists were included. This highlights that offline calibration estimates are sensitive to both the
available user-history information and the direction of miscalibration.
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Finally, for RQ4, the agreement between computational popularity labels and participant-judged
popularity labels was weak (x = .21, © = .36). This suggests that dataset-derived popularity
categories only partially capture users’ perception of item popularity. This has implications for the
use of popularity calibration as a user-centered metric, because the metric depends on computational
labels that may not fully align with users’ subjective popularity judgments.

Overall, our findings call for a more careful interpretation of popularity calibration in music
recommender systems. Calibration remains useful as an offline measurement framework, but its
user-centered value depends on how popularity is defined, how user history is represented, and
whether calibrated lists are actually perceived and valued by users. Future work should further
investigate directional calibration measures, alternative representations of user-history targets, and
user-facing outcomes beyond liking, such as discovery value, perceived fairness, and long-term
satisfaction.
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